his article presents the application of fuzzy adaptive systems T to the problem of torque ripple reduction in a switched reluctance motor. Conventional methods for torque linearization and decoupling are reviewed briefly, as is the previous application, by the authors, of neural network based techniques. A solution based on the use of fuzzy adaptive systems is then described. Experimental measurements of the static torque production characteristics of a 4kW, four-phase switched reluctance motor form the basis of simulation studies of this novel approach. The simulation results demonstrate the capability of fuzzy adaptive systems to learn non-linear current profiles that minimize torque ripple. The use of fuzzy systems in this application has potential advantages where the incorporation of a priori information, expressed linguistically, is concerned. Experimental results illustrate the effectiveness of the approach.
Introduction
Switched reluctance motor (SRM) drives are favored in many industrial applications for their cost advantages and ruggedness. A less desirable property is their high level of torque ripple (and hence acoustic noise), caused by a combination of the non-linear coupling between phase current, rotor position, and overlap angle and machine design. Consequently, their use in servo systems, requiring smooth rotation at low speeds and the capability to apply torque when static, has been limited. Methods of torque linearization and decoupling reported previously have involved the off-line computation of phase current profiles [1, 2] or of simplified models of the flux characteristics of switched reluctance motors [3] . These approaches do not take into account cross-saturation effects due to simultaneously conducting phases or the limited bandwidth of current source power converters.lookup table or a fuzzy system implementation. The major difference between the approach reported here and those in [ 1-31, therefore, is how the current profiles are determined.
Issues concerning the form of solution found by an adaptive system are currently under investigation. An infinite number of different current profiles exist that minimize torque ripple but each has different peak current, rms current, and maximum diId0 characteristics. In order to control these aspects of the solution found by an adaptive system, additional information and cost functions are required. A fuzzy adaptive approach is being investigated since this has the potential readily to incorporate a priori information concerning the desired nature of the current profiles applied to the phase windings of the SRM or the application of different cost functions where these quantities are expressed linguistically. This article reports a demonstration of the feasibility of a fuzzy adaptive approach.
Switched Reluctance Motor Torque Characteristics
The principle of operation of a switched reluctance motor is illustrated in Fig. 1 . For clarity, only one of the four phase windings is shown. Typically, the rotor and stator are constructed from steel laminations and there are no windings or magnets on the rotor. With the rotor in the position shown, current io in phase winding 0 will produce a torque, causing the rotor to rotate anticlockwise, aligning its poles, 4, with stator poles 0. Exciting phase winding 1 next will cause the rotor to continue to rotate anticlockwise as rotor poles 5 align with stator poles 1. In this way, exciting the different stator windings sequentially in a clockwise direction will cause anticlockwise rotation of the rotor.
Current flowing in a stator phase winding will magnetize both the stator and the rotor, producing a torque that will cause alignment of the affected rotor poles with those magnetized on the stator. The direction of the torque depends on the angular displacement of the affected rotor poles from the magnetized stator poles, with the crossover from positive to negative torque production occumng when the rotor and stator poles are aligned.
The pattern of torque production as a function of rotor angle, Ororor, due to current flowing in a single stator phase is repeated for each rotor pole. Furthermore, similar patterns of torque production corresponding to current flowing in the other stator phase windings are offset from each other by rotor angle where Nstatoris the number of stator phase windings and Nmtoris the number of rotor poles. Fig. 2 illustrates, for the four-phase, six-rotor pole design of motor used in this investigation, the range of phase angles over which current flowing in a single phase winding will produce positive torque. The phase angle for the Zt h stator phase winding is given by where it is assumed that Omtoris zero when one of the rotor poles is aligned exactly with a stator pole.
A value of phase angle 01 equal to dNmt,rcorresponds to the exact alignment of a rotor pole with the Ith stator pole and, as mentioned previously, is the phase angle at which torque production due to current flowing in that phase winding changes sign.
At any particular rotor position, positive torque may be produced by current flowing in two of the four phase windings, that is, current flowing in the other phase windings will produce negative torque. Commutation logic is used to determine, as a function of absolute rotor position, which two stator phases should be excited. Fig. 1 shows a rotor position for which 00 = 15", 01 = 0", 02 = 45", and 03 = 30". This is a rotor position at which the two phases capable of producing positive torque change from being phases 0 and 3 to phases 1 and 0. Fig. 2 shows that at this position torque production capability in phase 1 is about to increase from zero, in phase 3 has decreased to zero, and in phase I is close to its maximum.
It is not necessary to excite more than one phase at a time in order for the motor to operate. Commutation logic may be arranged to switch on the single phase winding in which torque production capability is greatest for a particular rotor angle.
The simplest form of commutation for an SRM drive, in which rectangular pulses of current are applied to the different phase windings sequentially, leads to pronounced torque ripple. Figs. 2 and 3 show the experimentally derived static torque characteristic of the machine used in this study and its predicted torque production assuming the application of rectangular pulses of current to the phases.
One approach to the problem of torque ripple minimization is, instead of rectangular current profiles, to apply profiles designed to produce constant torque over the conduction period of a phase. Such profiles, as shown in Fig. 4 , may be derived from the data contained in Fig. 2 . This method, however, has a number of undesirable features. It requires that torque production be switched instantaneously from one phase winding to the next. Not only is this infeasible, implying an infinite rate of change of current in an inductive phase winding, but also commutation is required to take place at phase angles where torque production is least efficient and phase currents are highest. Furthermore, for a given torque, the peak current required may be significantly greater than the mean, necessitating the use of a converter rated for that peak current if the motor is to be used in a position control system. Schramm et al.
[2] investigated an approach based on constant rate of change of torque during commutation from one phase to the next. Torque production due to one phase is designed to decrease linearly over a range of phase angles as torque production due to the next phase increases. Overall torque production is designed to be constant. In other words, torque production due to each phase, as a function of phase angle, is specified as a trapezoid rather than a rectangle. As in the previous approach, corresponding current profiles may be obtained from the data illustrated in Fig. 2 . Computer-aided iteration is used to determine trapezoidal torque profiles that minimize peak current requirements or that satisfy other constraints in addition to minimizing torque ripple. The current profiles produced by this technique are based on measurements of the static torque produced by one phase winding acting alone. An example of a current profile computed in order to produce trapezoidal torque profiles is shown in Fig. 5 .
Adaptive System Based Approach
An alternative to the above techniques is the use of an adaptive system to learn torque ripple minimizing current profiles on-line, during a training phase. The current profiles required are highly non-linear and unknown functions of phase angle and demanded torque and therefore the use of non-linear adaptive systems is necessary. An adaptive system is used because the fuzzy system outputs that will achieve torque ripple minimization are unknown, rather than because the characteristics of the SRM are expected to vary with time. z.
P 10 s
Were torque measurements available, the fuzzy adaptive system might be expected to track time variations in the motor characteristicsduetowearandenvironmentalconditions. However, the primary objective of this investigation w as to compensate for the non-linear characteristics of amotor inherent in its design. With this approach, adetailed, accurate, analytical modelofthe motor is not required.
Both neural networks and fuzzy adaptive systems are examples of non-linear adaptive systems. Associative memory neural networks have been shown to have the ability to learn suitable current profiles [4] , and an example of a current profile learned, in simulation, by a neural network is shown in Fig. 6 . The neural network architecture used was the cerebellar model articulation controller (CMAC) [5] , chosen primarily for its local generalization properties and ease of implementation. The low dimensionality of this application (i.e., the input to the adaptive system is a two-dimensional vector) suits the CMAC network.
In the work reported here, fuzzy adaptive systems have been investigated. These have the particular advantage that linguistically expressed information may be incorporated along with experimentally derived numerical data. Correspondence between fuzzy sets and linguistic information is straightforward. Adaptation has been used to develop and tune the fuzzy rules.
Using an adaptive system to learn current profiles on-line, it is possible to account for effects previously ignored, such as magnetic interaction between simultaneously conducting phases. Fig. 7 illustrates the application of a fuzzy adaptive system to the problem. In view of the axial symmetry of the stator and rotor, the different phases of the SRM are assumed to possess identical torque production characteristics and therefore the same current profiles are used for each phase. A potential development might be to use a separate fuzzy system for each phase, or even for each stator phase and rotor pole combination. However, it is thought that any differences between the torque production characteristics of individual phases would have only a secondary effect on torque ripple compared with the overall non-linear characteristics due to the geometry and construction of the motor. Commutation logic is used to select which two of the four phases are active, according to the rotor angle, Ororor, Le., it switches the current demands iA and iB to phases k and (k + 1) mod 4 and provides phase angles @A and OB to the fuzzy adaptive system. That block comprises a single, two-input, single-output fuzzy system to which input vectors (TDEM, O A )~ and (TDEM, 8~)~ are time multiplexed in order to obtain output values i~ and iB respectively.
Fuzzy Adaptive System
The fuzzy adaptive system used is similar to that described by Wang and Mendel [6] in that it is implemented as a linear combination of fuzzy basis functions. The output of the fuzzy system is given by where Af. and B' are univariate fuzzy input sets and fuzzy output sets respectively. The fuzzy membership functions, pA;, associated with the fuzzy input sets, Ai were defined as uniform triangles, as shown in Fig. 8 , and multivariate fuzzy sets were formed using the product method of inference. Equation (4) represents a simplification of the more general expression for fuzzy basis functions given by Wang and Mendel. This simplification is possible because in this application the fuzzy sets used form a partition of unity, i.e.
The output of the fuzzy system (3) is linear in the weights, Wi. Thus adaptation of the fuzzy system may be achieved by adjustment of those weights using the least mean squares (LMS) algorithm ( k ) ) is the desired value of the fuzzy system output and p is a leaming rate parameter. In this application, there were two inputs to the fuzzy system and one output. Sixteen univariate fuzzy sets were defined for each input variable. Hence n is equal to 2 and M is equal to 256 in the above equations.
Training Method
Training was carried out using techniques similar to those used in the neural network approach [4] , and described by Albus P I .
If the magnitude of the error between the demanded torque, TDEM, and that measured, T, was greater than a predetermined threshold then a coarse training technique was used. This was based upon the following assumptions. i) Increased current in a phase gives rise to increased torque ii) Current is most profitably applied at phase angles of approximately ~I2Nroror and with decreasing profitability away from this phase angle. Accordingly, if T was greater than TDEMthen the output of the fuzzy system corresponding to an input x = (TDEM, was decreased. Altematively, if T was less than TDEMthen the output of the fuzzy system corresponding to input 5 = (TDEM, was increased. Increases or decreases to the fuzzy system output were made according to the formula where e ( x ( k ) ) is a weight increment that is a function of 8 alone and which reflects the second assumption by having a maximum value for 8 = ~/2Nrororand which decreases linearly with angle away from this to zero at 8 = 0 and 8 = X/Nroror (as described earlier, these are the limits of the range of the phase angle variable, 8).
If the magnitude of the error between the demanded torque, TDEM, and that measured, T, was less than the aforementioned threshold, then a fine training, or bootstrapping, technique was used. This technique is described by Albus [5] , who refers to it as a time inversion technique. The output of the fuzzy system is a current demand. Least mean squares adaptation of the fuzzy system requires an error signal formed using the fuzzy system output (current demand) and a desired output. Suppose, however, that a fuzzy system input = (TDEM, produces a fuzzy system output i, and this contributes to the production of a torque T which is not equal to TDEM. It is not apparent from the measured torque error what value of current demand would have produced a torque equal to TDEMand hence would serve as a desired output for the fuzzy system. The time inversion technique gets around this problem by subsequently applying an input 2 = ( T , to the fuzzy system. The resultant fuzzy system output i' = f (2) is not applied to the motor but is subtracted from the previous output i = f ( x ) to form an error value that can be used to adjust the network output for input 2 = ( T , according to where 12 (9) Due to the local generalization properties of the fuzzy system, if T is close to TDEM then this adaptation will affect the fuzzy system output for input Prior to training, the fuzzy system was initialized using weight values that reflected the aforementioned assumptions, that is, triangular current profiles having peak values proportional to demanded torque. It was straightforward to proceed from the linguistic expression of the assumptions to initialization of the fuzzy system. Although, in this application, explicit use was not made of linguistic labels for fuzzy sets, the advantage of fuzzy systems, noted by Wang and Mendel [6] , of a direct relationship between fuzzy IF-THEN rules and fuzzy basis functions, and hence the ease of incorporation of data expressed either linguistically or numerically into a fuzzy system, was exploited.
= ( T~~~, elT also.
Simulation Results
The system shown in Fig. 7 was simulated using a two-dimensional lookup table based on experimental static torque measurements (those shown in Fig. 2) to represent the SRM. The motor was not modelled analytically. This was a simplified, but rapid, simulation method that did not take into account the cross-saturation effects of simultaneously exciting more than one phase or effects due to speed of rotation. Nonetheless, this model was deemed sufficiently representative of the motor to test the ability of the adaptive fuzzy system to learn non-linear current profiles before proceeding to the real machine. It was assumed that the phase currents in the real machine would track those demanded.
It was assumed also (and subsequently verified experimentally) that the SRM would rotate under application of the initial current profiles shown in Fig. 9 . Training data was chosen at random over a full range of possible phase angles and over an arbitrary range of demanded torque values. Fig. 10 and 11 show the current profiles as they evolved during training for demanded torques in the range 10 to 26 Nm. Current profiles outside this range remain as initialized, reflecting the local generalization properties of the fuzzy system. Fig. 10 shows the fuzzy system output after 2,048 training examples and Fig. 11 the fuzzy system output after a further 4096 training examples. A learning rate of p = 0.1 was used. 12 shows the current profile leamed for a torque demand of 22 Nm. This is very similar to that learned by a neural network and shown in Fig. 6 . Compared with that obtained using the constant rate of change of torque method in Fig. 5 , the peak current is similar while the maximum rate of change of current is significantly lower. The training objective used to date has been simply to minimize torque ripple. It is planned that other cost functions and objectives will be investigated. 
Experimental Results
The fuzzy adaptive system has been implemented using a TMS32OC25 digital signal processor (DSP) and experiments carried out to venfy the simulation results. Integer arithmetic was used to implement both the fuzzy system and the neural network. Torque demand and phase angle were represented as seven-bit quantities, the latter being derived using commutation logic from an 1 1-bit rotor position value. The fuzzy system used 256 16-bit weights and the neural network 2,048 to represent a current manifold. Torque was measured using a piezo-electric force sensor.
Since this system had the capability to adapt the fuzzy system each time the rotor position encoder count changed (for rotor speeds less than approximately 250 rpm) and the position encoder yielded 1,536 pulses per revolution, the simulation results might be taken to imply that the current manifold shown in Fig. 11 could be learned in approximately four revolutions of the motor. This presupposes, however, the availability of a suitable torque demand signal, covering the range 10 Nm to 26 Nm. In practice, current manifolds have been developed by varying the torque demand over a larger number of revolutions of the motor. Narrow sections of the current manifold corresponding to near constant torque demands, have been learned in one or two motor revolutions. Fig. 13 shows an initial current profile and the corresponding torque sensor output. Measured torque varies between 5 Nm and 19 Nm. Fig. 14 shows current and measured torque waveforms after training the fuzzy system and, for comparison, Fig. 15 shows a corresponding plot obtained using the neural network approach. In each case, it is apparent that irregularity in the measured torque is reduced. The remaining torque ripple evident in the figures is due primarily to mechanical resonances in the torque measurement arrangement. Steps are being taken to reduce this effect. Nonetheless, the fuzzy adaptive system can be seen to have functioned as anticipated. Fig. 12 shows just one out of an infinite number of possible current profies that could minimize torque ripple. In general, the choice of current profies must be guided by the combination of a number of different cost functions. Least mean squares minimization of instantaneous torque error need not be the only means of adaptation of the fuzzy system. Fuzzy systems are particularly amenable to adjustment in accordance with linguistically expressed information, perhaps in the form of expert knowledge. This aspect of the performance of the system is currently under investigation.
An associative memory neural network capable of operating at the speeds necessary for this application has been implemented using field-programmable gate array technology [7] . The fuzzy system requires greater computational resources than this, and consequently the present DSP implementation allows only slow to medium speed operation of the motor. However, as VLSI fuzzy logic devices and high speed microcontroller implementations of fuzzy systems become available, higher speed real-time implementation is expected to become feasible.
Conclusions
The significant novel features of the approach described are on-line leaming involving the simultaneous excitation of more than one phase winding and the use of a fuzzy adaptive system to represent current as a non-linear function of phase angle and torque demand. Altemative approaches [ 1,2] depend on off-line, computer-aided iteration and/or modeling. The use of a fuzzy adaptive system did not require an analytical model of the SRM. Simulation based on experimental torque measurements has demonstrated the ability of fuzzy adaptive systems to learn the current profiles required to minimize torque ripple in an SRM drive. The fuzzy approach compares favorably with the use of associative memory neural networks reported previously in terms of memory requirement if not in terms of computational expense. However, the ease with which linguistically expressed a priori information may be incorporated into a fuzzy system gives the approach a potential advantage conceming the use of additional cost functions in the adaptive process. Experimental results have confirmed the feasibility of both neural network and fuzzy approaches. University, Edinburgh, in 1990. Both degrees are in electrical engineering. From 1990 to 1994 he was a lecturer at Heriot-Watt University and is now at Imperial College. His research interests are in adaptive control and signal processing applied to dnve systems; parameter identification; EMC and power converter design.
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Sampled Data Technical Writing Kit
Not only are there handy lexicons for jargon, but one finds do-it-yourself aids for the construction of gobbledygook. In the following item found in a computer programmer's office in the Washington, D.C., area in 1972, it becomes astonishingly easy to compose a plausible sounding sample of technical bombast.
This technical writing kit is based on the Simplified Integrated Modular Prose (SIMP) writing system. Using this kit, anyone who can count to 10 can write literally thousands of discrete, well-balanced, grammatically correct sentences packed with aerospace terms.
To put SIMP to work, arrange the modules in alphabetical order. Take any four-digit number, 8751 for example, and read 
